Abstract. Cooperation in information retrieval contexts can be used to share query results inside groups of individuals with common objectives, provided that all of them are aware of each other. The strength of the social relationships between group members is in most cases a matter of comparative degree, and thus relationships can be modelled through fuzzy conceptual associations. These associations can then be used to implement personalized features, aimed at improving the interaction of the user with the query tool. In this paper, an approach to modelling imprecise relationships between users in the context of information retrieval is described, along with a concrete case study implemented as a wrapper of a conventional search engine, using a fuzzy database to store the model of the group members.
Introduction
Research on interactive information retrieval (IIR) [16] is concerned with the study of human interaction issues in their process of using information retrieval (IR) systems. IIR can be considered a complementary view of the classical system-oriented view of IR (see, for example, [8] ), and has given rise to specific models like the interactive feedback and search model proposed by Spink [23] . From among the diverse complex interactions that are pursued in IR contexts, cooperation 1 between users in a group have resulted in specific algorithms that exploit the history of queries (see, for example, [9] ) in the process of resolving new ones. But, in addition to improved retrieval algorithms, the social context of the search activity can be exploited to improve other aspects of user's everyday's search tasks when the group is organized around common objectives. For example, in the context of a research group, users can share some of their conference bookmarks that are supposedly of interest to other people in the group. In consequence, user interfaces for IR systems that enable cooperation [17] can take advantage of some kind of group model -i.e. a model of the interrelation between group members -to implement adaptive features [5] .
Collaborative filtering (CF) systems [11] exploit similarities between users in browsing or search processes, but they do that in a transparent manner for the user, so that people receiving recommendations are unaware of the fact that neighborhoods of users that somewhat agree with them have been computed by the CF algorithm. Thus, a system-oriented view of groups is used, that does not take into account the potential of explicit, user-initiated interactions between users that are socially aware of the others, which are known to improve cooperation, as studied in systems like [13] .
In this paper, a concrete cooperative IR model is described, which provides a number of features for the explicit cooperation between users in a group with related interests (i.e. that provides functionalities for cooperative search tactics [2] ). Two key aspects of such a cooperative setting are the modelling of the closeness between users and of the perceived relevance of certain types of communication events like user-to-user recommendations. Both kinds of social relationships between group members are inherently imprecise and uncertain, since they evolve with time and they should be measured by some form of analysis of the recorded interaction history. We describe here how these relationships can be modelled as fuzzy relationships at the conceptual level, and also how they can be stored in fuzzy relational database structures in the final implementation. In addition, relationships can be used to define fuzzy categories of users with regards to their social interaction characteristics, like the concept of "pertinent" users. Although the model only deals with fuzziness at the group model level, it could be potentially combined with existing fuzzy techniques that enhance the query resolution process -see, for example [12] .
The rest of this paper is structured as follows. In Section 2, the general cooperative information retrieval setting is described. Section 3 provides the conceptual description of a concrete case study that uses fuzziness to model social relationships, along with a brief description of the implementation. Finally, conclusions and future research directions are provided in Section 4.
Modelling Fuzzy Social Relations in Group IR Tasks
Cooperative IR contexts are used by one or several groups of users that can be denoted by a set G = {g 1 , . . . , g n }. Each of the groups is made up of a collection of users from a set U that can be denoted as users ( 
Communications can be initiated by users inside the same group. Awareness is taken for granted in this model, so that it's assumed that the group constituents know each other a priori or appropriate awareness tools are provided.
The information retrieval system S continuously resolves queries matching query strings against the contents of its resource base, which essentially is a set of contents C (in different, possibly multimedia, formats). The set representing the history of queries of the group g i is denoted by s g i , and the subset of queries for a given user x ∈ g i is denoted by s x g i . Essentially, two basic policies can be used to improve the interaction of each user from information provided by others users of the group. System-intentional interactions take information from the group constituents to obtain patterns or similarity measures. Research on collaborative filtering is mainly focused on this kind of interaction -even when it target groups like in [15] -, in which the system elaborates recommendations by exploring relationships between items and between users [18] . Peer-intentional interactions are of a very different nature. In this case, the users consciously direct suggestions or indications -that they believe to be interesting or significant -to some of their colleagues. Of course, both kinds of policies can be combined.
The system provides a number of peer-intentional interactions in the form of asynchronous messages with signatures, i.e., m(parameters). A typical example of such a message is that of recommending a search result to a peer or a set of them, which could be modelled as recommend(u : 2 U ; c : C). This concrete type of message is central to the case study described below.
The general form of a social relationship inside a group can be denoted by a fuzzy relation with the form R :
represents the strength of the relationship between users a and a inside group i. The model of each social relationship R ∈ R that we are concerned in this work is thus constructed from the history of message instances by some form of computation algorithm denoted by C R . In addition, fuzzy categories of users can be defined as fuzzy subsets of the set of users in the social group g i ∈ G being considered. Both forms of fuzziness are generalizations of their crisp counterparts that are found in adaptive hypermedia modelling frameworks [21] .
Case Study Description
The generic modelling approach described in Section 2 has been used for the design of a research group-oriented cooperative IR interface called deiSearch, which follows a peer-intentional policy of interaction. The application is essentially a wrapper using the Google programming interfaces 2 to resolve queries and obtain results, while recording the search history of each group member to implement adaptive features based on simple cooperative behaviors.
Conceptual Model
The conceptual modelling elements for adaptive hypermedia applications described in [21] can be used to specify the model of deiSearch in term of the major architectural components usually found in adaptive hypermedia, known as user, domain and adaptation model. The model in Figure 1 is structured around packages corresponding to common high-level architectural components of adaptive hypermedia systems [25] , namely, the user model (in our case, a group model) and the domain model (that is, the terms that are specific of the application's domain). Essentially, users interact with the IR system by issuing queries that return sets of search results, and they are allowed to share some of these results with other users, as represented by the Suggestion class in Figure 1 . These suggestions are subject of rating by its receivers, using a linguistic label set (represented by the ValueScale data type) for that purpose. The following modelling notions about users have been considered for the application:
-The concept of user, embodied in the User class is considered as a fuzzy class or set (denoted by the <<fuzzy>> UML stereotype 3 ). The grade of membership to this class is directly computed from the frequency of use of the application.
-Closeness between users is modelled as a fuzzy relation, represented as a <<fuzzy>> association (see [19] ). This relationship is constructed from the history of recommendations, that serves as an estimator due to the fact that deeper knowledge of each other is assumed to be correlated to the quantity of interactions. -A fuzzy subset Appropriate of the users is defined. This relationship models a form of trust -in the sense given in [1] -that is essentially a (inter-)subjective belief about the usefulness of the recommendations of a given individual. This kind of subsets are modelled by a <<fuzzy>> generaliza-tion/specialization relationship, which defines a fuzzy subset between two classifiers, so that if B is a subclass of A, ∀x µ B (x) ≤ µ A (x). -A fuzzy subset Active of the users is also defined (again as a fuzzy specialization). This subset is a characterization of the level of communicative activity (in our case, the frequency of recommendations issued by him/her). It should be noted that a user may be very active, but also very unappropriate, that is, it may issue a large number of messages that are perceived grossly irrelevant by his/her peers.
The degree of belonging to the User class is obtained in a straightforward manner by the computation described by the expression (1), where a group g ∈ G is assumed, so that s g is the set of queries of the group and s x g is the subset of queries of user x. Variable t is a temporal adjustment factor to model the fact that in initial stages of the algorithm, the percentage of searches initiated by a user affects only slightly its belonging to the user class. It starts as a large number that can be adjusted to each concrete setting (e.g. 10 q with q = 4) so that q decreases till reaching zero and its effect disappears after a reasonable and preestablished time has elapsed.
The constant k should be somewhat dependant of the size of the group, since in bigger groups, the same percentage of participation must be considered as a larger degree of evidence about system's usage. Concretely, we have used the |g| 2 value, which provides a good heuristic for groups that are below 30 participants. For example, in a group of twenty participants, after t has reached its top, a member with a five percent of the total number of searches is considered as having a 0.5 degree of 'userness'. But with the same k definition, in a group of a hundred participants, an individual with that five percent of searches would be considered as fully belonging to the (fuzzy) set of users. Note that the expression (1) only assigns partial membership grades to users that have non-significant volumes of activity. Table 1 provides a sample of usage data. Concretely, it provides the number of queries issued by a group of ten researchers in intervals of ten days during two months. Figure 2 depicts the corresponding evolution of the degree of userness of six of the users in Table 1 with an initial q = 2. It should be noted that all of them are provided initially with a full belonging to that set, which models the initial uncertainty of the system derived from the small amount of evidence available.
The subgroup of active users is computed by the number of recommendation messages issued by each individual, in a similar way to the degree of 'userness', but under the constraint that µ user (x) ≥ µ active (x).
The degree of appropriateness of a user is computed from his/her history of recommendations by the expression (2). The computation algorithm A appropriate operates in two phases:
-First, each of the peer assessments v u s , where u ∈ g − {x}, of the suggestions of the user x under consideration are aggregated by an aggregation operator M 1 (satisfying the general properties of this kind of elements described in [4] ), as showed in (3).
-After that, a second aggregation operator M 2 (2) is used to combine the assessments of all the suggestions issued by the user. In this case, the degree of activeness described before can be used to model the fact that not only the adequacy but the volume of suggestions are considered in our concept of 'appropriateness', since it's intended to reflect some form of utility of the individual with regards to the objectives of the entire group.
A natural choice for the operators M 1 and M 2 would be that of an OWA operator modelling majority [26] , but other design consideration would also be considered in concrete settings, like, for example, different weights assigned to individuals depending on their reputation [1] . Empirical assessments can also be used for the determination of the most appropriate quantifier design (see, for example, [24] ). For example, let's suppose that user f (having a degree of activeness of 0.32 at t=60) issued eight suggestions that have resulted in a set of aggregated values {5, 4, 5, 3, 1, 5, 4, 2} (using M 1 ). If we use a OWA operator with weighting vector w = (0.3, 0.2, 0.2, 0.1, 0.05, 0.05, 0.05, 0.05) (which has a degree of orness of about 0.143) as M 2 , the result of the aggregation will yield a value of 4.4, significantly higher than that of a simple weighted mean (this orness-related plasticity of OWA operators allow for iterative adjustments of the aggregation procedure). Then, the final appropriateness level of the user would be µ appropriateness = 0.88 · 0.32, with the result of the OWA operator normalized into the [0, 1] interval.
Finally, the (symmetric) degree of closeness is computed by the expression given in (4), where the amount of messages received is denoted in each direction 
The minimum of the relation of the messages between i and j in both directions is used to filter unidirectional relations, which are not good estimators for closeness. For example, if i issues a hundred messages to j but receive only one from i, the minimum will yield a low value, while the maximum value will be obtained with the amount of messages is equal in both directions, which indicates a constant cooperation. The second part of the formula in (4) is used as an heuristic to increase closeness for the most active pairs of users, so that a pair of users with a total amount of messages interchanged. For example, if we have a total number of 178 messages interchanged in the group, and given that m h→c = 26 and m c→h = 18, we have a degree of closeness closeness(h, c) = min(1, 0.692307692 · 26+18 178 · 5) = 0.856. It should be noted that the computation algorithms are not intended to be general models for cooperative IR, but concrete realizations that embody specific, designer-dependent characteristics, so that other formulations are possible.
Based on the models for the social aspects just described, the computation algorithms are implemented as processes triggered in a periodical basis that updates a relational database. The fJDBC framework described in [20] was used for the logical database design derived from the conceptual model described above. This model provides direct support for the representation of fuzzy generalization relationships, fuzzy classes and fuzzy associations, and enables direct querying from JDBC 4 -like code.
Adaptive Behaviors
The overall interface of deiSearch is fairly similar to the basic Google interface.
In Figure 3 , a screenshot of the results of a query is shown. It should be noted that a link under each result is provided to issue a recommendation message. The following adaptive technologies [3] that use the above-described fuzzy categories and relationships have been implemented: -When elaborating a recommendation, the user is presented with a list of the members of the group. The closeness relationship is used to implement adaptive sorting, as showed in Figure 4 (note that the grades are showed only for illustration and they're normally hidden to the user). This entails that the user would more likely find the intended receivers without a need to scroll or read the entire list. -When a user is receiving new recommendations (by traversing a link in the principal interface), an adaptive sorting process is used again, but this time using the overall appropriateness degree of the issues, so that the most 'trustworthy' individuals are considered first.
-In the case that a user receives a recommendation that comes from a highly relevant user that, simultaneously, has a high degree of closeness to him, a direct navigation adaptive feature is used, so that a link to the recommendation is put directly in the principal interface, so that it would very likely be read immediately by the receiver. Figure 4 shows an example of how adaptive sorting based on the degree of closeness between the current user and the rest of the users. The adaptation is performed using fJDBC queries which are syntactically SQL sentences that are translated internally to compute the degrees of membership to fuzzy notions. For example, a query to retrieve the (fuzzy) subset of active users is as simple as SELECT * FROM ACTIVE USERS, and the definition of the ACTIVE USERS table is done as described in [20] :
<fuzzy:fuzzy-relation name="ACTIVE_USERS" type="subclass"> <fuzzy:relation name="users"/> <fuzzy:oidField name="userid"/> <fuzzy:membField name="Muser"/> </fuzzy:fuzzy-relation>
The Tomcat 5 Java-enabled Web server was used to implement the just described case study.
Initial evaluations of the prototype in a group with ten participants for two months pointed out that a significant increment (about 15%) in query results considered as relevant for the task (i.e. searching for information about a specific research theme oriented toward writing a project proposal). Nonetheless, further methodological and experimental work is required in evaluating the effects of the cooperation-oriented and adaptive features.
Social relationships in cooperative IR settings can be modelled by fuzzy associations and fuzzy categories constructed from the history of communications between users. A concrete case study has been described that models the notion of closeness and of relevance of recommendations. These kind of relationships enable the development of adaptive features that enhance explicit cooperation tactics between users. In addition, an underlying fuzzy relational schema has been used for the implementation.
Future work should carry out additional inquiries about which kind of relationship are the most appropriate for specific work contexts, in order to customize the overall framework described here to concrete objectives. In addition, the use of fuzzy relationships in user collaboration mechanisms for specific tasks [6] will be considered. These improvements should take into account crosscultural studies like [7] , and also long-term realistic revision mechanisms [22] for the group model.
The interpretation given to imprecision and uncertainty of social relationships in the described case study has been chosen by its simplicity and according to design heuristics, but it may be approached from more elaborated viewpoints with regards to uncertainty, e.g. from belief-theory or other related frameworks [10] .
